Introduction {#S0001}
============

Lung cancer is one of the most frequently diagnosed cancers and the leading cause of cancer-related death worldwide.^[1](#CIT0001)^ Despite recent advances in therapy, the overall 5-year survival has changed little in the last several decades and remains at 18.1% in the United States; outcomes are, on average, even worse in the developing countries. Approximately 10%-15% of patients with lung cancer are lifelong never-smokers; active cigarette smoking accounts for the majority of lung cancer.^[2](#CIT0002)^ Among all types of lung cancer, adenocarcinoma is one of the most frequent subtypes of non-small cell lung carcinoma (NSCLC), accounting for about 40% lung cancers, which is also the most common type seen in never-smokers. Compared to other types of lung cancer, adenocarcinomas tend to form metastases widely at an early stage, and the response to radiation therapy is not as effective as it is in small cell lung carcinoma. Most lung cancer results from multiple changes in the genome of susceptible pulmonary cells caused by exposure to carcinogens found in tobacco smoke, the environment, and the workplace. Patients exposed to a smoking environment had more frequent gene mutations, such as the epidermal growth factor receptor (*EGFR*) gene,^[3](#CIT0003)^ the *K-ras* gene,^[4](#CIT0004)^ and the *p53* gene.^[5](#CIT0005),[6](#CIT0006)^

In addition to higher-frequency gene mutations, cigarette smoking also plays an important role in the immunological homeostasis. The impact of smoking is not identical on different immune cells, and the adverse effect can be summarized as follows: inflammatory cells are recruited into the lungs but weaken the ability of those cells, and cell populations of some subtypes decrease and switch the immune response to a more harmful pattern.^[7](#CIT0007)^ On the other hand, immune cells play an important role in shaping the tumor microenvironment, which interacts with the tumor cells and can be involved in carcinogenesis, development, invasion, and metastasis of tumors.^[8](#CIT0008)^ Some antibody-based anticancer drugs that target immune-related receptors improve patients' survival time to some extent, for example, ipilimumab targets cytotoxic T-lymphocyte-associated antigen 4 (CTLA-4), and nivolumab and lambrolizumab target the Programmed Death 1 (PD1) receptor and the PD1 ligand (PD-L1).^[8](#CIT0008)^

Tobacco smoking causes DNA damage in epithelial cells and impacts the immune system in the lung, which collectively contribute to lung carcinogenesis and disease progression in smokers. Considerable epidemiological and genetic analysis of lung tumors suggests that alternative mechanisms of lung carcinogenesis and tumor microenvironments are also important in never-smokers, and these alternative mechanisms remain unclear.^[9](#CIT0009)--[11](#CIT0011)^ The specific recognition of the mechanisms by which tumor-infiltrating immune cells contribute to the metastatic cascade in lung cancer and their differential contributions in ever-smokers and never-smokers is the important first step toward successful cancer immunotherapy.

In this study, we collected 11 lung cancer microarray datasets, including 1,111 lung adenocarcinomas and 200 adjacent normal lung samples (Figure S1). A recently developed machine-learning method, CIBERSORT,^[12](#CIT0012)^ was applied to characterize the composition of leukocytes in these lung tumor and normal tissues using their gene expression profiles. To investigate tissue-specific tumor microenvironment, we refined a new signature gene matrix as a benchmark for CIBERSORT to sort and enumerate leukocytes. Another *in silco* approach, xCell,^[13](#CIT0013)^ which is based on single-sample gene set enrichment analysis (ssGSEA), was also used to verify our results. We determined distinct pathways involved in lung carcinogenesis in ever-smokers and never-smokers and substantial influences of compositional differences in immune cells on patients' clinical outcome. In particular, we found two subsets of immune cells, mast cells and CD4^+^ memory T cells, which had completely opposite associations with outcomes in resting and activated states. Several chemokines and their associated receptors (e.g., CXCL11-CX3CR1 axis) were selectively altered in response to cigarette smoking and their abundances showed stronger correlation with fractions of these two immune subsets in ever-smokers than never-smokers. These findings provided a therapeutic opportunity for modulating cancer immunity to prevent tumor invasion and metastasis in lung cancer patients.

Results {#S0002}
=======

Expression and function of dysregulated genes in tumors {#S0002-S2001}
-------------------------------------------------------

We analyzed 160 tumor samples and their corresponding adjacent normal samples across the four datasets (GSE19188, GSE10072, GSE31547, and GSE7670) to investigate lung adenocarcinoma-associated dysregulation of gene expression ([Figure 1A](#F0001)). We found that 3,100 genes were consistently differentially expressed between tumor and normal samples among the four datasets. These included 1,720 and 1,380 genes upregulated and downregulated in tumors, respectively, accounting for 16.73% and 11.42% of all genes shared among the four datasets. To characterize the function of these dysregulated genes, pathway enrichment was performed on the upregulated and downregulated gene sets separately. Most of pathways enriched by upregulated genes were involved in cell cycle regulation, cellular stress, and injury functions, whereas pathways enriched by downregulated genes were related to cellular immune response function ([Figure 1B](#F0001)). Together, these results revealed aberrant expression and function of signaling pathways in tumor tissues, and there might be different inflammatory response patterns between tumor and normal tissues.10.1080/2162402X.2018.1494677-F0001Figure 1.**Dysregulated genes and their associated altered pathways in lung adenocarcinoma**. (**A**) Heatmaps for dysregulated genes across four datasets. There are distinct gene expression patterns between tumor and normal tissue samples. (**B**) Pathway enrichment by dysregulated genes across four datasets. P-values of Fisher's exact test for pathway enrichments were calculated by Ingenuity Pathway Analysis (IPA).

Cigarette smoking causes immune dysfunction and influences clinical outcome {#S0002-S2002}
---------------------------------------------------------------------------

Smoking is a major risk factor for the development of lung cancer. We made use of six datasets (GSE30219, GSE31210, GSE50081, GSE14814, GSE31547, and GSE68465), which contained both smoking status and survival information. In our survival analysis, we integrated patient samples in the above datasets to increase statistical power, but patients with radiotherapy or chemotherapy were excluded in the analysis. In addition, past-smokers and current-smokers were pooled together as ever-smokers because their gene expression profiles are similar \[6\]. We can conclude from the Kaplan-Meier survival curves that never-smoker patients had a better outcome in overall survival ([Figure 2A](#F0002)) and recurrence-free survival ([Figure 2B](#F0002)) than ever-smoker patients. This survival difference remains significantly after accounting for patients' age, gender and mutation status (Figure S2).10.1080/2162402X.2018.1494677-F0002Figure 2.**Survival analyses and pathway enrichments for lung cancer patients in ever- and never-smokers**. (**A**) Overall survival of lung adenocarcinoma patients in ever- and never-smokers. (**B**) Recurrence-free survival of lung adenocarcinoma patients in ever- and never-smokers. (**C**) Pathways enriched by genes significantly downregulated (left) and upregulated (right) in tumor samples from smokers as compared with those from never-smokers. (**D**) Pathways enriched by DEGs in the tumor-normal comparison in never-smokers (left) and in ever-smokers (right).

To investigate the mechanism underlying the difference in clinical outcome between smoking and nonsmoking lung cancer, we further analyzed differentially expressed genes (DEGs) between tumor samples exposed to tobacco and those from never-smokers. We detected 2,275 DEGs, including 1,298 and 977 genes upregulated and downregulated in smoking patients, respectively. Similarly, pathway enrichment was applied to these DEGs; we observed that most of the enriched pathways were associated with the cell cycle regulation, proliferation, and development categories ([Figure 2C](#F0002)).

To further evaluate the effects of smoking on lung tumorigenesis and progression, we performed a comparison of genes dysregulated in tumor samples from never-smokers and ever-smokers. We identified 1,108 genes as DEGs between tumor and adjacent normal tissues in never-smokers, and 1,732 genes as DEGs between tumor and adjacent normal tissues in ever-smokers. Only 3 of 20 pathways were commonly altered in both never-smokers and ever-smokers, including two pathways related to immune response and a growth signaling pathway by Rho Family GTPase. In particular, IL-3 signaling and Phagosome formation pathways that are involved in cellular immune response were specifically enriched in never-smokers ([Figure 2D](#F0002)). Taken together, these results suggested that lung tumors in ever-smokers and never-smokers show distinct alteration of pathways, and that cigarette smoking has dramatic effects in altering cancer signaling pathways and the tumor microenvironment.

Compositional differences in tumor immune cells in ever- and never-smokers {#S0002-S2003}
--------------------------------------------------------------------------

In the preceding sections, all of the results pointed to a key element, the immune system, which may play a pivotal role in tumor development and progression. To better understand the relationship of immune cell infiltration with cancer progression, we identified a relative fraction of immune cell subtypes in samples with different tissue types and smoking status using CIBERSORT.^[12](#CIT0012)^ CIBERSORT requires an input matrix of reference gene expression signatures (with a total of 547 genes), which are collectively used to estimate the relative proportions of each cell type of interest. This leukocyte signature matrix (termed LM22) that can distinguish 22 different human immune cell subsets was initially constructed as a benchmark for CIBERSORT across cancer types. To make the signature gene matrix more applicable for lung adenocarcinoma, genes which were overexpressed in lung adenocarcinoma cell lines compared to other cancer cell lines were excluded. As the expression of CD138, a marker of plasma cells, is common in human lung cancers,^[14](#CIT0014)^ which might lead to overestimation of the fraction of plasma cells, we removed genes specifically associated with plasma cells from the signature and only made estimation for the other 21 cell subtypes. To evaluate the robustness and reliability of the refined signature gene matrix, we applied to deconvolution of 1,000 simulated datasets of gene expression profiles generated from LM22 reference samples. Simulations showed an extremely high accuracy for prediction of 21 leukocyte types, suggesting the validity of our refined signature gene matrix for leukocyte deconvolutions ([Figure 3A](#F0003)). We then evaluated the comparability of all 11 datasets by calculating the mean value of the relative fraction of each immune subtype. The result confirmed that these datasets had similar tumor immune cell infiltration levels, indicating the homogeneity of tissue collection, process, and storage across these microarray studies ([Figure 3B](#F0003)).10.1080/2162402X.2018.1494677-F0003Figure 3.**Robustness and accuracy of inferring cell compositions using the refined new signature gene matrix, and the comparability of immune cell compositions among 11 datasets**. (**A**) The accuracy of estimating immune cell fractions in simulated mixture gene expression profiles using the refined new signature gene matrix. Heatmap displayed accuracy for each type of immune cells in 1,000 simulations, and barplot showed the median accuracy for each cell subtype in the simulations. (**B**) Mean tumor immune cell compositions estimated by CIBERSORT across 11 datasets. These datasets were comparable and had similar tumor immune cell infiltration levels.

We further estimated the absolute immune infiltration scores in tumor and adjacent normal tissues using CIBERSROT. A significantly higher immune cell content was observed in normal tissues compared to tumor tissues among different datasets ([Figure 4A](#F0004)), which showed high degree of concordance with immune scores estimated by xCell^[13](#CIT0013)^ (Figure S3). Combined with the pathway enrichment results as described above, these findings support that there are different patterns of immune response between tumor and normal tissues. Finally, we estimated the relative fraction of immune cell subtypes and determined their prognostic values among these datasets. We identified 14 kinds of immune cell subtypes that had significantly different fractions between tumor and normal specimens, which were consistent in at least two datasets. Five kinds of immune cells are significantly associated with patient survival, among which resting mast cells, M0 macrophages, activated mast cells and activated CD4^+^ memory T cells are in accordance with tumor-normal comparisons ([Figure 4B](#F0004)). In other words, resting mast cells that were downregulated in tumors as compared with adjacent normal tissues were predictive of favorable outcome, whereas macrophages M0 and activated mast and CD4^+^ memory T cells that tended to be upregulated in tumors were predictive of adverse outcome. Interestingly, the same compositional differences in these two of three immune cell subtypes were also observed between ever-smokers and never-smokers ([Figure 4C](#F0004)). More importantly, resting mast cells and resting CD4^+^ memory T cells had lower fractions in ever-smokers than never-smokers and were significant predictors of favorable survival outcome, whereas activated CD4^+^ memory T cells and activated mast cells had higher factions in ever-smokers than never-smokers and were significant predictors of adverse survival outcome.10.1080/2162402X.2018.1494677-F0004Figure 4.**Immune cell compositions and their association with clinical outcome**. (**A**) Immune cell infiltration score in tumor and adjacent normal tissues. (**B**) Compositional differences in immune cells between tumor and normal samples (left) and associations of tumor immune cell fractions with survival (right). (**C**) Compositional differences in immune cells between tumors from ever- and never-smokers (left) and associations of tumor immune cell fractions with survival (right). Meta-z-scores were used to measure the overall association of each type of immune cell with survival across all datasets.

Chemokine/receptor networks are selectively altered in smokers {#S0002-S2004}
--------------------------------------------------------------

To further explore the heterogeneity of tumor immune infiltration under different smoking statuses, we conducted linear regression analyses between the fraction of tumor-infiltrating leukocytes and the expression of their related chemokines. In general, both mast cell and CD4^+^ memory T cell populations show stronger correlations with several chemokines and their associated receptors in ever-smokers than in never-smokers ([Figure 5](#F0005)). For instance, the fraction of mast cells appeared to be related to an abundance of CCR1/CCR5 and their corresponding chemokine ligands in ever-smokers. Conversely, these relationships were much less frequently observed in never-smokers. Likewise, the fraction of CD4^+^ memory T cells appeared to be related to an abundance of CCR1/CXCR3 and their corresponding chemokine ligands in ever-smokers, whereas these relationships were much less evident in never-smokers. These results suggested that these chemokines were selectively altered as a response to cigarette-smoke exposure and subsequently led to activation of mast cells and CD4^+^ memory T cells in tumor microenvironments.10.1080/2162402X.2018.1494677-F0005Figure 5.**Chemokine-receptor networks differ between ever- and never-smokers**. Nodes in green are chemokine ligands and nodes in red are corresponding chemokine receptors; edges indicate existing molecular interactions between a chemokine and its receptor. For each study, the association between the gene expression of the chemokine/receptor and tumor-infiltrating immune cell fractions was calculated using a linear regression analysis for mast cells (**A** and **B**) and CD4^+^ memory T cells (**C** and **D**) separately, under smoking status (left) and nonsmoking status (right). If and only if both the chemokine ligand and receptor in a pair were significantly associated with the infiltrating immune cell levels, a colored dot representing the study was placed on the edge connecting the chemokine and receptor.

Discussion {#S0003}
==========

Previous studies have investigated the relationship between immune cells and clinical outcomes of lung cancer patients, and the impact of cigarette smoking on the host immunity. Recently, several computational methods have been developed to make use of existing gene expression profiles of complex tissues to estimate tumor infiltrating leukocyte subtypes, including various innate and adaptive immune cells. By incorporating clinical outcome of patients, characterization of immune cell compositions of tumor and adjacent normal tissues could provide new insights into tumor-immune interactions. In this study, we integrated 11 lung cancer microarray studies conducted on GPL570 and GPL96 platforms including 1,111 lung adenocarcinoma and 200 adjacent normal samples, making it one of the largest lung cancer immunological studies. Using the recently developed machine-learning method CIBERSORT and the refined tissue-specific signature gene matrix, we estimated the relative proportion of 21 immune cell subtypes from gene expression profiles in these samples. We discovered the immune compositional patterns in tumor and normal tissues, and in smoking and nonsmoking tumor samples of lung adenocarcinoma.

Hierarchical clustering of dysregulated genes demonstrated a dramatic variation in gene expression in lung tumors compared with adjacent normal tissues ([Figure 1](#F0001)). Interestingly, overexpressed genes were enriched in different pathways between tumors and adjacent normal tissues, with most pathways related to cell cycle control in tumors and cellular immune responses in normal lung tissues. Lung is the organ that has the largest surface in contact with external environment, which not only works for gas exchange, but also plays an important role in immunity ^[15](#CIT0015)^. As expected, a significantly higher immune cell content was observed in normal tissues compared with tumor tissues among different datasets ([Figure 4A](#F0004)). Taken together, these results revealed aberrant expression and function of signaling pathways in tumor tissues, and there are different inflammatory response patterns in lung tumor and normal tissues.

We also found that lung tumors in ever-smokers and never-smokers showed distinct pathway alterations ([Figure 2](#F0002)). Only 3 of 20 pathways enriched by DEGs were commonly altered in both ever- and never-smokers. IL-3 signaling and phagosome formation pathways that are involved in cellular immune response were specifically enriched in never-smokers. These results suggested that the molecular pathways involved in the differential pattern of lung carcinogenesis according to smoking status, and cigarette smoking have dramatic effects in altering cancer signaling pathways and the tumor microenvironment.

Never-smokers have markedly better outcomes than ever-smokers ([Figure 2](#F0002)). To reveal this prognostic difference, we determined the relative fraction of immune cell subtypes in samples with different tissue types and smoking status using CIBERSORT. We observed compositional differences in 14 kinds of immune subsets between tumor and adjacent normal samples ([Figure 4B](#F0004)). The fractions of most of these subsets were reduced in tumor samples, except for regulatory T cells, gama delta T cells, T cells follicular helper, M1 macrophages, activated CD4^+^ memory T cells, and M0 macrophages. We then investigated the relationship between these immune cell fractions and survival outcomes. To make a more credible conclusion, we also employed another computational method, xCell, for cell types enrichment analysis using ssGSEA.^[13](#CIT0013)^ We made a comparison of the influence of leukocyte subtypes on patients' outcomes between xCell and CIBERSORT. Our comparisons showed high concordance in the association of patients' outcome with the overlapped leukocyte subtypes (Figure S4).

M0 macrophages and total macrophages were strongly associated with poorer outcomes. A dichotomy has been proposed for macrophage activation: classic vs. alternative, and M1 and M2, respectively. M1 macrophages are activated through interferon (IFN)--γ or lipopolysaccharide (LPS), whereas M2 macrophages are activated through type 2 cytokines including IL-4, IL-13, and IL-10.^[16](#CIT0016)^ M2 macrophages express chemokines CCL17, CCL22, and CCL24, and their corresponding receptors, which are present on Th2 cells, a cell linked to adverse prognosis in our analysis, and thus participate in amplification of polarized Th2 responses,^[17](#CIT0017)^ leading to a suppression of immunity. However, we did not observe a significant link between M2 macrophages and patients' outcomes in our datasets, and further studies are needed to examine M2 macrophage functions in NSCLC. In addition, the immune score of CD8 + T cells was associated with better outcome of NSCLC patients in the analysis with xCell, whereas the similar tendency remained but was not significant in the analysis with CIBERSORT. CD8 + T cells were previously reported to associate with favorable prognosis in colorectal cancer, ovarian cancer and breast cancer,^[18](#CIT0018)^ but it seems that the impact of CD8 + T cells on NSCLC patients was controversial. In stage IV NSCLC patients with chemotherapy, CD8^+^ T cells in cancer nest link to a favorable outcome,^[19](#CIT0019)^ but some other studies suggested that they could not demonstrate an influence on survival of lung adenocarcinoma patients.^[20](#CIT0020)--[22](#CIT0022)^ A recent study using *in silico* analysis of tumor immunity also underpinned this conclusion, when taking patient age and stage into consideration.^[23](#CIT0023)^

In addition to macrophages, we caught identified two subsets of immune cells, namely mast cells and CD4^+^ memory T cells, which had completely opposite associations with outcomes in resting and activated status. The fractions of activated mast cells and CD4^+^ memory T cells were higher in ever-smokers than in never-smokers, whereas the resting status of these two were exactly opposite of activated status. The activated forms are adverse predictors of prognosis, whereas the resting forms are favorable predictors of prognosis. Our findings suggested that aberrant activation of these two immune subtypes plays a crucial role in cigarette smoking-induced immune dysfunction in the lung, which might contribute to tumor development and progression. Regarding the impact of mast cells on lung cancer patient outcomes, both adverse and favorable, several contradictory reports have been published.^[24](#CIT0024),[25](#CIT0025)^ This is perhaps due to the mixture of resting and activated mast cells in the previous studies. Interestingly, when resting and activated mast cells were combined together, they were significantly correlated with prolonged survival of NSCLC patients (Figure S3). Therefore, separating these two types of mast cells is necessary for more credible conclusions, otherwise, the function of activated mast cells might be masked by resting mast cells. Our survival analysis confirmed the potential dual role of mast cells in tumor progression and metastasis. The most well-known activation method for mast cells is engagement of the high-affinity receptor for IgE immunoglobulins (FcϵRI).^[26](#CIT0026)^ Upon activation, mast cells can produce and release a vast array of mediators. These mediators lead to crosstalk with immune cells and tumor cells, and separately contribute to the formation of an immunosuppressive environment, and enhance tumor cell activity.^[27](#CIT0027)^ Furthermore, an association of cigarette smoking with a rise of mast cells was observed.^[28](#CIT0028)^ Increasing evidence now implies that mast cells promote expression of pro-inflammatory chemokines.^[29](#CIT0029)^ Taken together, the existing evidence and our results support a link between cigarette smoking and the activation of mast cells and their involvement in tumor progression and metastasis. Although our findings also revealed that CD4^+^ memory T cells were strongly associated with patients' survival, such associations have rarely been reported. Future studies are required to further confirm this finding and investigate the mechanisms of CD4^+^ memory T cell activation in tumor microenvironments under smoking status.

We also found that both mast cell and CD4^+^ memory T cell levels were significantly associated with an abundance of CCL5-relevant chemokine receptors. This relationship was much more evident in ever-smokers compared with never-smokers. CCL5 is released in the lung in response to many noxious stimuli,^[30](#CIT0030)^ and an increase of CCL5 expression was found in smoking status.^[31](#CIT0031)^ By interacting with certain receptors on memory T cells,^[18](#CIT0018)^ CCL5 might induce recruitment and activation of particular memory T cells. CCR5 is the most well-known receptor for CCL5. Previous studies also demonstrate that the CCL5-CCR5 axis plays an active role in tumor development, acts as a growth factor, stimulates angiogenesis, and participates in immune evasion mechanisms.^[32](#CIT0032)^ Furthermore, the CXCL11-CX3CR1 axis performed differently between smoking and nonsmoking status in our analysis, which related to angiogenesis and metastasis of tumors in previous experiments.^[33](#CIT0033)^ Considering all the evidence above, smoking has the potential to affect the expression of certain chemokines, thereby leading to activation of CD4^+^ memory T cells and promoting the development and progression of tumor.

Lastly, several caveats for our findings should be acknowledged. Firstly, an important assumption made by CIBERSORT and other *in silico* approaches is that the gene expression profiles of pure primary immune cells extracted from peripheral blood mononuclear cells (PBMC) do not significantly differ from that in tumor tissues. However, *in silico* approach is a valuable approach to study tumor infiltration and can make use of existing historical datasets which includes thousands of patients. In the present study, we performed integrative analysis of 11 lung cancer gene-expression datasets, including 1,111 lung adenocarcinomas and 200 adjacent normal lung samples. This represents the largest study of tumor infiltration in lung cancer. Secondly, the immune system is extremely complex and contains various innate and adaptive immune cells. Although our refined signature gene matrix showed high robustness and reliability of inferring immune cell compositions of complex tissues, the number of leukocyte types that can be distinguished by this signature matrix is rather limited (only 21). Further studies are required to develop a new robust signature gene matrix to include as many immune cell types as possible.

In summary, this study characterized compositional patterns of immune cells in lung adenocarcinomas in different tissue types and smoking status, and revealed the complex association between immune composition and clinical outcomes. The status of these cells switched from resting to activated in mast cells and CD4^+^ memory T cells might manifest some important processes induced by cigarette smoking, which subsequently contributes to tumor development and progression. These immune subsets are not only valuable prognostic biomarkers, but are also potential targets for anti-cancer immunotherapy.

Methods {#S0004}
=======

Sample collection and data processing {#S0004-S2001}
-------------------------------------

This study made use of public online lung cancer data. To reduce tumor heterogeneity, we focused on lung adenocarcinoma, a common subtype of non-small cell lung cancer. We queried Gene Expression Omnibus (GEO) with the keyword "lung" and with the platform set to "GPL570" or "GPL96," and then selected datasets with a sample size of more than 30. As a result, we got six datasets on platform GPL570, including GSE10245 (n = 40),^[34](#CIT0034)^ GSE19188 (n = 110),^[35](#CIT0035)^ GSE30219 (n = 83),^[36](#CIT0036)^ GSE31210 (n = 224),^[37](#CIT0037),[38](#CIT0038)^ GSE37745 (n = 91),^[39](#CIT0039)^ and GSE50081 (n = 128),^[40](#CIT0040)^ and five datasets on platform GPL96, including GSE10072 (n = 107),^[41](#CIT0041)^ GSE14814 (n = 71),^[42](#CIT0042)^ GSE31547 (n = 50),^[43](#CIT0043)^ GSE68465 (n = 353),^[44](#CIT0044)^ and GSE7670 (n = 54).^[45](#CIT0045)^ Detailed information about the datasets is presented in [Table 1](#T0001); the sample numbers are the result of removing patients treated with chemotherapy or radiotherapy.10.1080/2162402X.2018.1494677-T0001Table 1.Clinical summary of patients in the analyzed studies. GSE10245GSE19188GSE30219GSE31210GSE37745GSE50081GSE10072GSE14814GSE31547GSE68465GSE7670**Platform**            GPL570GPL570GPL570GPL570GPL570GPL570GPL96GPL96GPL96GPL96GPL96**Sample size**            Total401108322491128107715035354 Tumor4045832049112858713033427 Normal06502000490201927**Mean age (range)**            65 (48--83)NA61 (44--84)60 (30--76)63 (47--83)69 (40--86)66 (45--81)59 (35--77)61 (46--79)65 (33--87)NA**Gender**            Male27256495406535378177NA Female1315191095163233422157NA**Stage**            I22NA791626592224217230NA II14NA34213362129861NA III-IV4NA10130150542NA**Smoking status**            Ever-smoked30NA7599NA9242NA19208NA Never-smoked1NA7105NA2316NA934NA**Mean follow-up (days)**            Total OS86214642301176518201464NA166510981643NA Alive106825843151188534611781NA216713202089NA Dead6117171548106711631001NA9795811132NA Total RFS759NA2109156916991282NANANA1398NA No recurred1007NA2616185922681533NANANA1095NA Recurred485NA1059762916789NANANA653NA

Raw CEL files and SOFT files were obtained from GEO datasets. Each dataset was converted to MAS5 normalized and fRMA normalized data by the R package "affy," and mapped to NCBI Entrez gene symbols by a custom CDF (Chip Definition File; Brainarray version 20.0.0; <http://brainarray.mbni.med.umich.edu/Brainarray/Database/CustomCDF/20.0.0/entrezg.asp>) according to the CIBERSORT method.^[12](#CIT0012)^ When more than one probes mapped to the same gene symbol, the highest average expression probe was incorporated. Clinical data was extracted from the SOFT file using the R package "GEOquery." Samples with adjuvant radiotherapy or chemotherapy were excluded in the following analysis, and only tissue types with lung adenocarcinoma were included in the analysis.

Gene expression analysis and pathway enrichment {#S0004-S2002}
-----------------------------------------------

We used the R package "limma" to find differentially expressed genes (DEGs) associated with smoking status (ever-smoked/never-smoked) and tissue type (tumor/adjacent normal). Bonferroni correction was used to adjust p-values. GSE19188, GSE10072, GSE31547, and GSE7670 were used for identifying DEGs between tumor and normal tissues, whereas GSE30219, GSE31210, GSE50081, GSE10072, GSE31547, and GSE68465 were used for identifying DEGs between ever-smoked and never-smoked groups. Dysregulated genes refer to either up-regulated or down-regulated DEGs with adjusted p value \< 0.05. In the analysis, samples with current smokers or former smokers were assigned to the ever-smoked group, because their gene expressions were similar \[6\].

Overlapped significant DEGs (adjusted P-value ≤ 0.05) were divided into adverse and favorable groups on the basis of their expression profile. Specifically, in the tumor-normal comparison, DEGs upregulated in tumor tissues were assigned to the adverse group, whereas those upregulated in normal tissues were assigned to the favorable group. In the comparison of ever-smoked and never-smoked, DEGs upregulated in tumor tissues from smoking patients were assigned to the adverse group, whereas those upregulated in tumor tissues from nonsmoking patients were assigned to the favorable group. We then performed pathway enrichment analysis on these DEGs separately using Ingenuity Pathway Analysis (IPA) through Fisher's exact test, and compared outcomes of adverse and favorable DEGs. In order to investigate different functions between these two groups of DEGs, we only displayed the pathways which were enriched differently between these two situations.

Inference of infiltrating immune cells from gene expression profiles {#S0004-S2003}
--------------------------------------------------------------------

To determine the fraction of immune cells in tumors, we applied a linear support vector regression-based method, CIBERSORT,^[12](#CIT0012)^ to estimate the relative ratios of 21 leukocytes. At the same time, CIBERSORT produces an empirical P-value for each sample and tests the null hypothesis that there are no cell types in the tested sample. Samples with a P-value ≥ 0.05 were eliminated in the following analysis. We performed CIBERSORT in R and the source code of CIBERSORT (R version 1.03) was downloaded from the CIBERSORT website (<https://cibersort.stanford.edu>). The absolute infiltration score was defined as the median expression level of all genes in the signature gene matrix divided by the median expression level of all genes in the mixture.^[12](#CIT0012)^ A permutation test was then applied to evaluate differential distribution of these inferred immune cell subtypes in groups using the R package "permute". To make a more credible conclusion, we also used another computational method, xCell,^[13](#CIT0013)^ which provides immune scores for 64 cell subtypes, spanning multiple innate and adaptive immune cells. xCell is a method for cell types enrichment analysis using ssGSEA, and it employs a spillover compensation technique to reduce dependencies between closely related cell types. Immune scores of xCell were obtained by R package "xCell" for each sample.

Construction of a new signature gene matrix {#S0004-S2004}
-------------------------------------------

To generate a lung adenocarcinoma specific signature gene matrix, we removed genes that were overexpressed in lung adenocarcinoma cell lines compared to other cancer cell lines. Expression data of cell lines were downloaded from Cancer Cell Line Encyclopedia (CCLE)^[46](#CIT0046),[47](#CIT0047)^ and were normalized by Robust Multiarray Averaging (RMA) method. Probesets annotation and differential gene expression were carried out as described above. The overexpressed genes were defined as adjusted p-value ≤ 0.05, and log~2~(Fold-change) ≥ 1. In our preliminary estimation, we observed an overestimation on plasma cells. We thus removed differentially expressed genes which only contributed to deconvolution of plasma cells. In addition, we made adaptive changes for these datasets, and genes absent in the custom CDF were excluded from the signature gene matrix.

We generated gene expression profiles from 21 immune cell profiles by randomly assigning a fraction for each kind of cells, and applied CIBERSROT to these simulated gene expression profiles to estimate the relative ratio of these immune cells. The performance of the refined new signature gene matrix was assessed by accuracy, which was defined as follows: ${accuracy} = \frac{\left| {Ratio_{simulated} - Ratio_{estimated}} \right|}{\max\left( {Ratio_{simulated},\, Ratio_{estimated}} \right)}$.

Survival analysis {#S0004-S2005}
-----------------

The association of survival with each type of immune cell was evaluated using the univariate Cox proportional hazards model. P-values and hazard ratios with a 95% confidence interval and z-scores were estimated. Survival distributions in different groups were visualized using Kaplan-Meier curves, and the significance was assessed by a log-rank test. The events of overall survival were defined as death, while recurrence-free survival was ended by any disease recurrence or death. Survival analyses were performed using the R package "survival."

To generate a stable outcome for survival analysis, we incorporated meta-z-scores to access the influence of each type of immune cell on all datasets for CIBERSORT and xCell. Z-scores for each immune subtype were summarized in a single meta-z-score using Lipták's weighted average; the formula is as follows: $$meta - z = \frac{\sum\limits_{i}z_{i}w_{i}}{\sqrt{\sum\limits_{i}w_{i}^{2}}}$$

where $z_{i}$ is the z-score of the *i*-th study and $w_{i}$ is the square root of sample size of the *i*-th study.

Linear regression analysis {#S0004-S2006}
--------------------------

We performed a linear regression analysis with the fraction of immune cell as a dependent variable and with expression levels of chemokine receptor/ligand as independent variables. The significant association of the fraction of immune cell with expression levels of chemokines meets the following criteria: 1) Benjamin-Hochberg correction for p-value of the regression model ≤ 0.05, and 2) raw P-value for both ligand and receptor in the model ≤ 0.05.
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